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Abstract

This essay addresses the applicability of emerging innovative technologies in the area of agriculture. In
particular, this essay focuses on the application of Al neural networks as well as one of the applications of
generative Al in this field. Al neural networks are shown to be best suited for application in precision farming,
especially when it is necessary to find dependencies between a large number of factors and external
applications. Generative Al can be used as a tool to assist in data analysis. The essay stresses the importance of
systematic and rational use of resources. It is noted that preliminary data processing is the "weakest link" in
any production process and hence, in the agricultural sphere as well.

The creation of tools for identifying dependencies between indicators and their influence on productivity is of
great theoretical and practical interest in terms of human and animal health, increasing the efficiency of living
standards, and the rational use of the Earth's resources. Sustainable resource management and the
development of the agricultural industry are included in the list of Sustainable Development Goals and are
given first place since about 80% of the world's antibiotics are used in animal husbandry, which is dangerous
in terms of the appearance and distribution of antibiotic resistance. This essay proposes an approach to the
application of innovative technologies to solve the stated problem and provides examples of the practical
application of proposed algorithms in this study. The main attention is paid to the issues of practical work in
the field of preliminary data processing. Furthermore, the essay also provides three presented results of studies
using the proposed methods.
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Management, Systematic Approach, Rational Resource Use, Preliminary Data Processing, Agricultural
Productivity, Sustainable Development Goals, Antibiotic Resistance, Animal Husbandry, Health Efficiency,
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Sustainable Agriculture.

1. Introduction

may lead to further aerobic degradation or other
equivalent issues. Agricultural practices have evolved
over centuries. The evolution proceeded from traditional
to low external input sustainable agriculture, to
industrial agriculture systems, and finally to an era of
information-supported agriculture termed precision
farming. Digital agriculture activists believe that high-
tech farming can address the constraints associated with
industrial agriculture.

The global agricultural industry is undergoing
considerable change as the planet copes with population
growth, climate change, rapid urbanization, dwindling
natural resources, rampant deforestation, and loss of
arable land. Voluminous research and development
initiatives are being implemented globally to improve
agricultural efficiency. Current traditional methods of
increasing agricultural production carry high risks and
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The agriculture industry has been historically moving
digitally, albeit quite slowly. The reason for slow
adoption is that conventional farms have evolved to be
effective at their purpose and have yet to understand the
gains that digitization can bring. Recent technological
advances have created opportunities to apply rapid
advances in data acquisition and analytics to the farming
sector. Several trends related to soil, environmental, and
crop/animal monitoring and predictive analytics are
powering modern innovation in smart agriculture. These
trends, if strategically combined with reliable business
models, can offer farmers rapid solutions to their critical
issues, many linked to the degradation of resources or
related to pest and disease outbreaks and their
management.

Machine Learning in Crop ent e

Vision for Plant Health Monitoring

-
L F
'

- A
Camera

Capturing
Plants

Robotics and Drones in Farming

10T and Sensor Technology

& & @

Sol [ Temperature’ Il Humidicy

Drones

29

Real-Time Data Collection Robotics

Fig 1: Al Technologies in Agriculture

The impending centuries-old problem of food security
and nutrition linkages with agricultural management
will also be addressed. The literature reveals that
technological advancements, particularly in the areas of
data analytics, artificial intelligence, and machine
learning, have attracted not only experts in these fields
but also the agricultural sector globally to amass smarter
solutions toward managing the growing global
population, land and water resources, and ecosystems
more sustainably. Innovative automation, monitoring,
and data collection can decrease a farm'’s resource usage,
enhance product quality, minimize spoilage and wastage,
and identify gaps in the value chain while enhancing
transparency and traceability to improve accountability.
The benefits of employing Al strategies in existing and
future agricultural management scenarios are
significant. Moreover, using Al tools seems a viable and
promising way to revolutionize the ongoing changes in
traditional agriculture. It is very important to encourage
interdisciplinary approaches as long as both fields are
focused on agriculture and are driven by the quality of
data, perception of ground reality, and analysis of
acquired data from the right perspective.

1.1. Background and Significance
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Agriculture is the oldest profession in existence and has
maintained generally the same practices for thousands of
years. Up until a century ago, approximately 40% of the
US population supported the agriculture industry. With
the introduction of modern machinery and farming
techniques, that 40% has dwindled to an average of
1.4%. The need for a paradigm shift from traditional
agricultural techniques is crucial due to a multitude of
factors, the first being that the resource scarcity
challenges farmers are facing are daunting in terms of
freshwater depletion and land shortages. As the global
population increases right along with the corresponding
food demand, it is vital to increase production yields and
sustainability while decreasing the amount of waste in
today’s food systems. With precision farming, farmers
can avoid overcompensating dysfunctions in an efficient
system to optimize inputs, yields, and profits, leading to
lower waste quantities. Advancements in technology,
particularly in the areas of artificial intelligence,
computing power, and analytic capabilities, create
various data collection opportunities that connected
systems generate. Akin to the opportunities in Industry
4.0, our near-perfect collection of superintelligence is a
psychological and hardware dream, finally driving the
software dream of artificial general intelligence to
happen. And now, with ever-increasing data, a third
trend is underway as Al is being translated into smarter
robots. Smart agricultural robots are using vision
systems and deep learning neural networks to not only
locate and identify plants but also to make smart
decisions on their ideal targets for fertilizer, water, and
herbicide ata precision level hard for humans to achieve,
thus automatically adopting precision farming ideas.
The significance of generating a local neural network for
each passing robot beyond those of global models in the
cloud is fundamental. While these local models might
behave better or worse than the global one, or be smaller
or bigger in terms of parameters according to how
effectively they are trained, the main advantage in this
case is that those models are trained, allowing the
equipment to learn the local features of the places they
are going to work on. This is a general trend in the future,
enabling any robot to have the ability to automatically
learn new places, plants, and jobs, and is particularly
interesting in the field of robotics and Al. The massive
general-purpose dataset is fitted at a robot level to the
specifics of the job those robots have to do. Furthermore,
the spread of data in AGI technology and uniform access,
democratic robotics, aims to grant every farmer the
ability to deploy possibly even more precision
agricultural drone swarms.
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Equation 1 : Crop Yield Prediction Using Neural
Networks

gt = fF(Wize + b1)

¢ is the predicted crop yield at time £,

W1 is the weight matrix for input features,

x; is the input feature vector (e.g., soil moisture, temperature),

by is the bias term,

f is the activation function (e.g., ReLU).

1.2. Research Objectives

In this work, Al engines classified as Al neural networks
and generative Al have been producing impressive
results or breaking records in many sectors. This study
aimed to bring these artificial intelligence developments
to the agricultural sector in a model of sustainable
management of resources and to guide the necessary
research. It is noted that only a few studies on these
developments have been carried out in the field of
precision farming. The study has conducted feasibility
tests for such applications, how to include them in the
existing decision-making system, and possible gains, and
losses associated with this. It is observed that if the
return is quantified, there can be a large gain in
resources, time, and precision made with such a decision
support system. For these reasons, the purposes and
intentions involve many unknown parameters related to
the use of artificial intelligence in agriculture before
starting academic studies and commercial applications.
These are the stated goals and objectives of the research.
Research Objectives

Because Al has been the focus of the entire world for over
a decade and is expected to last for a few more decades,
Al in agriculture has been our emphasis, and the circular
economy and sustainable management are the focus of
Al use. Therefore, the research objectives are to identify
the novel tools being tested for Al integration in
agriculture in attempts to contribute to this sector, to
develop techniques and recommendations to integrate
Al with smart farming and sustainable resource
management, to assess the measurable impact of Al on
agricultural efficiency, and to develop strategies to
initiate the Al skill gradient flows in agriculture,
including the necessary Al ecosystem of research,
development, education, and use with all stakeholders. It
is essential to conduct these studies and to define
interdisciplinary Al platforms and benchmarking to
achieve these objectives in these studies, where
everyone associated with the Al sector will address
problems and invite universities, governments, and
companies to invest in these areas.
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2. Al Neural Networks in Agriculture

Al neural networks are built on the same consumer
principles and work similarly to the human brain to
discover subtle nonlinear patterns in increasingly
complex data. The building blocks that make up a neural
network are layers of calculations, called nodes or
artificial neurons, drawing interconnected geometric
lines between them. These neurons are arranged into
intermediate layers in the network according to
computational functionality such as input, output, and
intermediate processing layers. A basic neural network's
output is determined by the input and a set of weights
and biases that link all neurons and are learned through
a process called forward and backward propagation
mapping function. The learning process of a neural
network occurs by using a labeled dataset to compute the
error between the predicted and actual values for every
data point. The predicted values can then be optimized
to better match the actual values using a specific
algorithm called loss function minimization.

In precision farming and natural resource management,
data inputs could be discerned as rainfall, temperature,
humidity, sunlight, soil properties, and so forth. These
serve as input variables that have a relationship with an
output, e.g., crop yield. The output of the neural network
in this case would be the crop yield, and the inputs might
be the elements above. The network would then learn
this relationship between the inputs and the output by
learning from the data presented, and this predictive
model could be used to predict different crop yields in
farmers' fields. Other applications of neural networks in
agriculture include but are not limited to the detection of
crop diseases, which allows precision crop spraying. The
interpretation of image, spectral, or LiDAR data in fields
associated with insect physical or biocontrol could also
be modeled. The precision and content of these Al
models enable sustainable compensation to be based on
ecosystem services, mitigating the impact of future pests
and diseases. The ongoing technological developments
in non-invasive data systems are enhancing the
integration of data collection technology and learning
algorithms in the agri-food chain. Challenges with
adopting technology in rural areas must be addressed to
meaningfully implement this technology.
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Fig 2 : Artificial Intelligence for Maximizing
Agricultural Input Use Efficiency

2.1. Fundamentals of Al Neural Networks

Neural networks can be perceived as digital imitations of
the human brain’s cognitive architecture. These neural
networks have several thousand interconnected
artificial “neurons.” The basic unit of a neural network’s
inner structure—a neuron—processes input and
triggers an appropriate response. Neurons are layered,
with each layer contributing to the extraction of specific
features. The interconnected layers between the input
and the output are the aberrant sublayer, in which
connections between neurons help optimize the
detection capabilities for patterns present in inputs.
Neurons in the final layer generate output through user-
consented connections as part of the decision-making
process for various classifications or predictions.

Neural network training generally requires extensive
datasets that best represent the conditions under study.
A network should be trained from a diverse set of data to
enable the prediction of a broad range of conditions. The
larger the range covered by the training data, the better
the network can predict. Neural network performance is
directly proportional to the volume of available data
used for network training. The minimum number of
training iterations may depend upon the structure of the
network and the quantity of data, thus leading to
different best practices. If presenting new data, re-
training the network with a separate dataset is advised.
Relying on a single training dataset might lead to skewed
results or trend analyses with low statistical confidence.
As proven, neural networks exhibit an inherent learning
ability and are capable of adjusting by retraining. Also,
they possess an intense parallel-processing ability to
handle input data.

The learning process can be supervised, meaning the
expected result is known and built into the output range.
This results in error divergence, indicating the difference
between the observed and expected values, leading to
corrective measures being taken to minimize that
divergence. In unsupervised learning, the outcome is an
unknown range of output. These algorithms can both
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classify the data, feed through known conditions with
supervised learning, and feed through unknown
conditions with clustered analysis. The broad range of
these algorithms leads to different output robustness.
The diverse ensemble of classifier and recurrent
network-based structure might yield different
performance outputs, permitting positive results while
solving diverse problems. The fundamental success
factor for deep-learning-based solutions remains the
suitability of the problem statement with the associated
algorithm. In addition, the significant role of powerful
computational units is recognized in running deep-
learning algorithms, enabling diverse applications.

2.2. Applications in Agriculture
There are several ways in which neural networks play a
significant role in boosting agricultural practices:
Predicting crop diseases and yield: Farmers can take
preventive measures when they know in advance which
pests or diseases are likely to hit the crops. In addition,
with the help of predictive algorithms, the crop yield can
be estimated accurately based on the inputs received.
These software tools can decide the amount of fertilizers,
pesticides, and water to be applied through the optimal
amount. Soil analysis from the farmer’s end is also used
to determine the required nutrients for crop growth;
therefore, increasing the efficiency of nutrient
absorption and good control. Based on the results
obtained, it further enables better quality control and, as
a result, the outputs make farming more efficient and
sustainable.

Agricultural = Training Machine ) Application ~ #38%

data @E T dataset Ir'::;zll!g {% “in agriculture (%’)

! o

Crop management
Testin,
A Evaluation Al
dataset =

* Water management
* Soil management
Fig 3 : Machine Learning Applications in Agriculture

* Animal management

Irrigation systems: Neural networks have the propensity
for image recognition, which enables the categorization
of the greenness of leaves based on the result of
continuous monitoring of crops. This further assists in
understanding, without any inconvenience, the water
requirements of different plants at various growth
stages. This system allows users to organize and process
massive volumes of data for agriculture. Analyzing data
with more computing power allows large businesses to
lower expenses associated with maintenance and
sustainability by offering real-time monitoring and
predictive maintenance. Al applied in farming can be
integrated and utilized across various settings and crop
types, either on monotonous industrial-scale plantations
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or at the individual level of smallholders. Barriers
stopping Al use will have to be resolved to facilitate
smallholders' adoption of services, such as traditional
farms and even large pastoralists, including the low
levels of education and technological access prevalent in
vulnerable communities.

3. Generative Al in Agriculture

Generative Adversarial Networks produce outputs that
are completely new in the sense that they are not the
images from the initial dataset. Generative models learn
the way that the data is structured and can then start
producing completely new data examples by creating
them from original settings that have been learned.
Generative Adversarial Networks consist of two-part
neural networks: the generator and the discriminator.
The generator uses random input values like a seed and
from there creates potentially millions of different
images. The second step of the network, the
discriminator, is then assessed as the quality of the image
in terms of whether the output is fake or real.

The advantage of using generative models is that they
can produce new datasets or designs, given enough
examples of previous ones. This means that generative
Al can help generate new images of crop designs, as well
as help come up with efficient matings by detecting new
ways of selecting animals that are hard to approximate,
such as when using traditional methods in livestock
farming. As such, this may be of relevance to bolstering
agricultural sustainability through efficient resource use.
In a similar vein, generative networks are also relevant
when it comes to precision farming, and in particular for
simulating outcomes that result from the application of
more resource inputs relative to traditional techniques,
within the Nurture Al domain. Indeed, they can help
design more weed-resistant and completely new crop
varieties, need less fertilizer, and acquire added and
unique consumption properties that fit within the
requirements set by the fast-changing nutritional
demands of the general public. An alternative, yet more
traditional approach to marrying generative Al for use in
precision agriculture would aim at developing outputs
that emulate the results we would have gotten if
traditional methods were employed. In essence, this
signals the potential use of generative agents as ways to
test scientifically a priori the eventual detrimental effects
of such agents, as well as to test the outputs on variables
that are hard, if not impossible, to measure before they
are "applied" to reality. Rephrased, we can master the
use of generative Al tools on what will happen from their
use, just as we can also master it to emulate the eventual
outcome if traditional methods were used.
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Equation 2 : Generative Al for Resource Optimization
R — g(ﬁ-"gz + E}g]

R represents the optimized rescurce allocation (e.g., water, fertilizer),
g is the generative model (e.g., a GAN or variational autoencoder),
Wy is the weight matrix for the generative model,

z is the input noise vector or environmental factors,

by is the bias term.

3.1. Understanding Generative Al

From a technical perspective, generative Al is concerned
with developing models that can analyze the patterns
present in a dataset and produce new examples that are,
to some extent, indistinguishable from actual instances.
Once trained from examples, these generative models
can synthesize artificial examples that mimic the
distribution of a dataset. Such models are often trained
using large, diverse, and representative datasets. This
process can leverage the training data's statistical
properties to produce new examples rather than
working from physical, mechanistic models of the world
and underlying data. As such, many generative models
work in a relatively agnostic fashion when it comes to
large-scale data capture and potential biases. Generative
models work rigorously at finding and improving high-
quality pseudo-randomness, but the construction of
training data for generative models raises legitimate
questions around data collection, ethics, and policy
implications, notably around concerns of targeting and
amplifying group stereotypes inadvertently.

There are many kinds of generative models, a popular
example of which is the variety of data, a type of
unsupervised learning model. Another type of model is
the Generative Adversarial Network, which overcomes a
key limitation of VAE models due to their assumption
about data distribution. This assumption can prove too
rigid to consider data that does not come directly from a
known distribution. Specifically, GANs involve two
competitive neural networks: the generator, which
generates new instances that resemble the training data,
and the discriminator, which distinguishes between
artificially synthesized samples and those from the
original training data. Both of these networks compete as
a duo to iteratively learn to create synthetic examples.
Finally, generative Al has shown much promise in a
variety of areas, including identifying new cancer
treatments, and new molecules, and creating artwork.
Model realism can be rigorously tested by humans in
some settings, an example of this being the Turing test.
However, creating Al models that exhibit creativity and
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develop unique human-like ideas, while still being agent-
like in the sense of independently interacting with the
world, presents additional conceptual and ethical
challenges. In the agriculture and environmental space,
the balance between creativity and authenticity is
accordingly critical.

With all of these exciting applications in mind, there
remain substantial challenges. One key roadblock is the
inferred model-side hidden layers finding adversarial
perturbations. In other words, although a deep learning
model might perform well in most cases, subtle changes
to the input data may lead the algorithm to produce
wildly inaccurate and even harmful predictions.
Additionally, finalizing Al applications can be especially
complex for high-risk use cases, particularly in the
absence of a universally accepted framework for
adversarial robustness.

3.2. Potential Applications in Precision Farming

Generative Al shows potential in a few key directions
within precision farming. Among the multiple benefits of
generative Al technologies, there are options for
leveraging Al-driven generative models to enhance and
tailor plant growth models. Generative Al-driven models
are not only more accurate but also easier to conduct in
different areas, crops, or even fields. By predicting the
combinatory outcomes of different environments and
genetics, generative Al can provide further insights for
plant breeders and the portfolio of genotypes for
farmers. Moreover, the predictions of salt stress in
lettuce generation through generative adversarial
networks open new horizons for the precision
management of water and food.

-

Fig 4 : Applications of Artificial Intelligence for
Precision Agriculture

Furthermore, the outcomes produced by generative
models could provide farmers with valuable insights on
resource allocation, allowing them to take preventive
actions, such as setting the planting schedule according
to expected heavy rainfall or in case of drought
forecasted for the next weeks. Additionally, the
production of generated predictive models may help in
predicting the impacts on the field for specific measures
taken by the farmer, such as the insolation predicted at
different planting times aimed at determining the correct
level of watering needed for the crop. In a precision
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agriculture scenario, an accurate assessment of
infestation levels or yield expectations is crucial for
correct and economically efficient fertilizer allocation
and can prevent food or money loss. Specifically,
generative Al can help farmers in setting adaptive
strategies against the increasing variability in
agricultural production around the world due to
changing environmental conditions. A weather model
has been exploited as a discriminator of the generative
adversarial networks. The GAN was able to generate
realistic weather profiles under the increased CO2 levels
predicted by emission scenario ensembles that are also
plausible under the internal variability of atmospheric
circulation. In the case of emission changes, the model
introduced disturbances in the global circulation with
significant cooling in the Eastern US and the Eastern
Mediterranean, fostering soil water anomalies. The
results were then used as input in a hydrological model,
and finally, a deficit irrigation plan in an olive grove was
defined.

4. Integration of Al Technologies in
Precision Farming

The divergence among different Al technologies does not
allow a suitable integration strategy. The Al field
encompasses a multitude of research and problem
domains, ranging from machine learning and control
automation to computer vision, robotics, big data, and
rule-based decision support made in decision tree
algorithms, neural networks, or fuzzy logic. The present
approach expands on this field and integrates some
advanced artificial intelligence methods. Mixed
strategies with various Al application integrations can
lead to better results; for example, there are more
possible outcomes than those that can be obtained from
results obtained only in trained data sets.

Certain prerequisites are needed to securely integrate
the use of Al technology in agricultural farms. The future
of Al applications requires infrastructural capabilities so
that partners will focus on gathering data and processing
the infrastructure needed for securing Al operations.
Through this research scope, it is outlined the
advancement of two types of reliance: technical progress
and change in the agricultural industries caused by
precision farming systems since Al in agriculture started
and up to the present. The studies do not include the
capabilities required for the execution of Al precision
farming systems. The application of Al in precision
agriculture under one corporate strategy would facilitate
finding the global minimum between input and output
and managing selection through the analysis of neural
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network predictive models. The study presents a
comparative approach to different existing Al
technologies that are employed in developing accurate,
reliable crop management predictive models. Accurate
models can reduce farm resources and waste, improve
revenues, and reduce impacts on the environment. The
major strength of the predictive model based on expert
rule-based decision-making frameworks is that such a
rule (or set of rules) can be extracted from the model on
expert demand. The model should identify links binding
agricultural inputs such as fertilizer, soil nutrients, and
water to outputs expressed as grain yield. The main
challenge of this work is farmer engagement in Al
adoption due to fears regarding data use, such as
possible risks to privacy and security, an increase in
technology ownership costs, added burden, and other
types of psychological resistance accompanying the
change from traditional ways of making decisions. The
study investigates and reports the stages of successful
consumer Al integration progression in small
agricultural systems through two case studies. There are
also strong links between the previous ingredient and
land quality, which indicates that the main components
of the others were inherited.
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4.1. Challenges and Opportunities

The pervasiveness of Al is impeded by a combination of
factors, including the need for costly technology or
technical infrastructure, economic trade-offs, and the
constraints of user capabilities, especially in remote
areas or among people with low digital and technology
literacy. The mismatch between the supply and demand
for Al in the Indian context is not necessarily due to
technical or economic barriers, but can also arise from
the human capacity to manage the use of intelligence and
information in a reasoning process that uses both explicit
and tacit knowledge. High costs associated with
hardware, software, and connectivity often prevent
farmers from realizing the direct benefits of Al-based
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systems. Moreover, in addition to investments in
physical infrastructure, stakeholders must invest time in
learning how to use new tools. For Al interventions to be
effective, capacity-building at multiple levels is
necessary, from scientists to farmers and extension
agents.

Al has the potential to make a significant impact in
addressing some of these constraints, improving both
profitability and environmental outcomes. Agricultural
innovation systems have begun to take concrete steps to
implement Al The high demand for field-led cases on Al
technology innovation reinforces the idea that
technological innovation in the field has the prospect of
greater realism and sustainability in the future. In
practice, the adoption of IoT-driven intelligent
agriculture technology is still at an early stage, but the
broad thematic areas derived from Al adoption are
generative. The choice of thematic areas has
incorporated lessons learned from previous and existing
flagship programs on digital agriculture and e-
agriculture in various developing countries. There are
endless examples not only of innovation in the thematic
areas presented but also use cases of integrative
innovation where cross-functional, cross-disciplinary,
and multi-enterprise approaches have been applied.
Political and economic issues of integrated innovation or
the enabling conditions for Al implementation were
highlighted. Agricultural extension needs were also
discussed in several forums. This is important given that
such initiatives need to identify who is best placed to
deliver such services and develop their capacity to do so
sustainably.

4.2. Case Studies

Case Study 1: SomaDetect

Applications: An artificial intelligence system for farmers
that identifies changes in milk quality, as well as the
presence of progesterone or antibiotics, by looking at a
photo of milk.

Case Study 2: FarmBeats

Applications: In combination with the use of existing
tractor and harvesting machinery sensors, FarmBeats
can help guide farmers in their daily land management
decisions, as well as improve the overall yield.

Case Study 3: PurpleSun

Applications: Helps plant workers achieve a deeper
cleaning using light activation technology.

Case Study 4: OneSoil

Applications: Offers a free app analyzing fields and
creating fertilizer application plans.

Each study in the previous section has highlighted a
different use of an Al-enabled technology application in
a different agricultural system with varying crop
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varieties and growing environments, resulting in
variable outcomes. Some of the case studies have
highlighted yield increases or cost reductions from the
adoption of Al technology. The development and
placement of Al technology in agriculture is very much a
market-led development, with the priorities of
technology development and adaptation for agriculture
being dictated by what farmers are prepared to pay for.
Lessons learned so far include: how to better support
farmers, tech developers need to engage farmers as
potential customers, the most unlikely people are those
who go on to adopt, Agri-Tech needs careful investment,
the future of farming relationships requires better public
understanding of food production and trade, the need for
evidence, and partnerships are key between agriculture
and technology developers and researchers. Early
adopters need to show the way.

5.Sustainable Resource Managementin
Agriculture

An essential aspect of agricultural practices is addressing
the issue of managing resources such as water, soil, and
biodiversity for maximum production and provision of
services with environmental stewardship. Over 70% of
all freshwater usage is due to agriculture, implying a
potential pressure point for conflicts over resources, and
integrating the many water users in the watershed may
be a smart way of water allocation. Agricultural practices
and systems that strive to achieve a balance between
increased productivity through human needs, reduce
environmental degradation, and make good use of on-
farm resources are considered within the philosophy of
environmentally friendly agriculture. This sustainable
traditional agriculture functions in a social context,
where an organic farming system is developed based on
cultivated land, natural farming from foothills, and well-
developed wild greens and mushrooms through mixed
farming of rice and job grain husbandry.

Preserving health and improving soil is one of the major
focuses of sustainability in agriculture. To protect the
rights and dignity of society, a small meeting to study the
production conditions that maintain biodiversity in the
paddies was decided to take place. From this meeting,
participatory experimentation and application took
place under the support of local, central, and non-
governmental organizations. Decreasing energy
consumption or the number of efforts per unit of product
is not only environmentally friendly but also improves
the economic efficiency of the farm. Therefore, many
farms or agricultural corporations are keen to develop
and make use of new technology. This engineered
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approach s in line with the market-based economy; good
output update practices will significantly impact market
share. To increase the profitability of farms in the long
run, they generate either input or output through the
backbone of green strategies. These strategies could be
physical, produced through the rotation of plants, the
construction of land, or the network infrastructure, or
they could be digital strategies. The success of a farming
operation relies on these management strategies or a
mixture of both.

5.1. Importance and Strategies

The importance of increased use and improved methods
of sustainable resource management is growing rapidly
as global resources continue to decrease. There are
potential benefits to environmental, economic, and social
dimensions with the implementation of sustainable
practices, particularly within the agricultural sector. On
farms, direct reduction in waste occurs, as good farming
practices leave nothing on the table. Conversely, good
farming strategies increase resource efficiency, which
directly contributes to greater output for a given set of
resources. All agricultural sustainable components seek
to reduce or eliminate the use of non-renewable
resources or non-viable systems for resource synthesis,
so that future outputs may continue. In agriculture,
practical strategies for accomplishing sustainability
include adopting cover cropping systems to reduce
erosion from soil and reduce short-term chemical needs,
participating in integrated pest management techniques,
and implementing crop rotation schemes that prevent
the buildup of soil pathogens or nutrient reduction.

The partial uptick in return on investment in sustainable
agriculture is seen both directly and indirectly. For
example, monoculture plots are more susceptible to
drought or flood-related disasters than diversely planted
agricultural enclaves. Thus, the use of sustainable
agricultural practices increases farm and crop resilience,
giving agricultural producers the capacity to withstand
and then recover from an environmental shock.
Sustainable strategies also engender an uptick in soil
health, produce habitat for beneficial insects and other
local populations, and reduce local pesticide drift. These
strategies are often interwoven within the local
community. Sustainable strategies thereby increase both
farm and community resilience toward more sustainable
long-term living circumstances. To develop and maintain
a sustainable locally directed system, local expertise and
resources must be present. Tools can aid in the support
of strategies guiding local efforts and educating
regulatory bodies toward the use of funding for local
experimentation that ultimately grows into local best
practices. All of this leads to a decrease in the demand for
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state support, both in response to local emergencies and
in the general services built upon sustainable practices.

Equation 3 : Optimization of Neural Network Weights
Using Gradient Descent

T _r?'..rz,f-:w _ H;;E-rf _ ']"_.'vﬁ’_,L(H:}

Wi is the updated weight matrix,
W’f“ is the current weight matrix,
17 is the learning rate,

Vw, L(8) is the gradient of the loss function with respect to the weights.

5.2. Role of Al in Sustainable Agriculture

Continued investments in digital and organic
technologies are expected to bolster agricultural
sustainability. One significant area of investment is the
use of artificial intelligence (Al) to increase the efficiency
of agricultural processes. Al can be used to optimize the
distribution of resources such as water, land, energy, and
fertilizers to obtain maximal yields or reduce
production-related waste while drawing on minimal
inputs. This is particularly important in areas where
resources are in short supply. Moreover, Al can run
sophisticated predictive analytics on historical
consumption and agricultural outcomes to glean insights
that can influence decision-making at the farm level and
beyond. Planned water restrictions or forecasting high
demand for nutrients in the soil, for instance, can lead to
financial savings, which is one of the main pillars
supporting the attractiveness of sustainable agricultural
practices.

ctivity Increase (%)

Fig 6 : Al in Agriculture

Incorporation of Al into a pig husbandry firm’s feed
animal placement aims to drastically reduce waste and,
perhaps more to the point, Al is starting to be used to
help farmers grow healthier and potentially pesticide-
free crops. Al can develop field-specific crop
management guidance that is tailored to a farmer’s
needs, beginning from advising which crops to rotate to
lessen pest destruction, to providing alerts about when
pests are most likely to emerge. There is a growing body
of policy recommendations supporting the uptake of Al
systems for the agricultural industry. Al's ability to
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efficiently use resources is a key enabler for developing
long-term sustainable farming systems. However, there
is also a warning about potential pitfalls, including an
increased investment needed to update IT
infrastructure.
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